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Fig. 1 Flowchart of combining method based on genetic algorithm
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2
21
, (1) lris - Irvine
(http:/www.sgi.com/Technol ogy/mic/db/);(2) Agrawal (5]
22
221 lris
C5.0(http://www.cse.unsw.edu.au/~quinlan/) 3 1.
Tablel Cb5.0-Based rule set of Iris
1 C5.0 Iris
Rule 1:( 35 ) Petal-Length <= 1.9, class Iris-Setosa
Rule 2:( 32 ) Petal-Length > 1.9 Petal-Length <=5 Petal-Width <= 1.6 - class Iris-Versicolor
Rule 3:( 29 ) Petal-Width > 1.6 - class Iris-Virginica
Rule 4:( 28 ) Petal-Length > 5 class Iris-Virginica
Default class:|ris-Setosa
) C5.0 , : 2, Petal-Length 491,
4, 4.70, . 2 C50
Table2 Accuracy of C5.0 rules and GA-optimizing ruleson Iris
2 Iris C50 GA
C5.0 rule set GA rule after optimization
Training set Testing set Training set Testing set
Setosa 25/25 25/25 25/25 25/25
Versicolor 24/25 23/25 24425 23/25
Virginica 25/25 24/25 25/25 25/25
74175 72/75 74175 73175
98.67% 96% 98.67% 97.33%
2 , . , JIris-Versicolor
Iris-Virginia , ,
( )
(e , .
) SQL
222
2. [5]-
C4.5(1D3 ) , 18 . 8 Group A ,
Group B. [7].
. age saary . (7] 6,
:(25100<salary<74800) (age>60.8), 20 70
( : 6 salary )- 20,
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(74800<salary<=124000) (39<age<=58.7), 10, (50100<salary<100200) (age<39.8).
2, C4.5 ;
( )
23
( ) C5.0( )
Iris. [8],Iris (NN)

rule 1:Petal-L ength<=1.9 - Iris-Setosa
rule 2:if Petal-Length<=4.9 Petal-Width<=1.6 - Iris-Versicolor
Default class:Iris-virginica

C5.0

’

1.

C5.0,
,NN

, NN , iris-virginica ,

Table3 Cb5.0-Based rule set after optimization
3 C5.0

Rule 1:(cover 35) Petal-Length <= 1.9-, class Iris-setosa

Rule 2:(cover 32) Petal-Length>1.9 Petal-Length<=4.95 Petal-Width<=1.6 - class Iris- Versicolor
Rule 3:(cover 29) Petal-Width>1.6 - class Iris-Virginica

Rule 4:(cover 28) Petal-Length>4.95 -, class Iris-Virginica

Default class:ris-Setosa

Table4 Accuracy of multiple algorithms after optimization

4
Neural network rule set C5.0 rule set rule set after optimization
Training set Testing set Training set Testing set Training set Testing set

Setosa 25/25 25/25 25/25 25/25 25/25 25/25
Versicolor 24125 23/25 24125 23/25 24125 23/25
Virginica 25/25 25/25 25/25 24125 25/25 25/25
74175 7375 74175 7275 74175 7375

98.67% 97.33% 98.67% 96% 98.67% 97.33%

NN , C5.0 , GA ) )
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A Method to Optimize Classifiers by Using Genetic Algorithms*
J Wen-yun, ZHOU Ao-ying, ZHANG Liang, JN Wen

(Department of Computer Science and Engineering, Fudan University, Shanghai 200433, China)
E-mail: { wyji,ayzhou,zhangl} @fudan.edu.cn
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Abstract: This paper focuses on methods of optimizing a single classifier and combining multiple classifiers by
genetic algorithms (GA). The method uses the strategies of stacking. There are two steps in classical strategies of
stacking, and GA is used as the second step in the method. Experimental results show that it performs well on the
task of optimization. Comparing with the single algorithm, it enhances the precision. In task of combining
optimization, it can obtain more understandable result than constituent learners.

Key words:  classification; genetic algorithm; optimization; machine learning; data mining; classification rules
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